A Six Sigma Approach for Precision Machining in Milling  by Nithyanandam, Ganesh Kumar & Pezhinkattil, Radhakrishnan
 Procedia Engineering  97 ( 2014 )  1474 – 1488 
1877-7058 © 2014 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/3.0/).
Selection and peer-review under responsibility of the Organizing Committee of GCMM 2014
doi: 10.1016/j.proeng.2014.12.431 
ScienceDirect
Available online at www.sciencedirect.com
12th GLOBAL CONGRESS ON MANUFACTURING AND MANAGEMENT, GCMM 2014 
A Six Sigma approach for precision machining in milling 
Ganesh Kumar Nithyanandama*, Radhakrishnan Pezhinkattilb 
aAssistant Professor (SG), Department of Mechanical Engg., PSG College of Technology, Coimbatore 641004, India 
bDirector,PSG Institute of Advanced Studies, Coimbatore 641004, India   
Abstract 
Controlling the process variations on the perimeter of a component to the targeted mean in milling is a huge 
challenge. Several factors such as spindle speed, feed rate, depth of cut, etc. affects this process variation. In this 
paper, spindle speed and feed rate are considered. Aluminum alloy 6061 widely used materials in aircraft, 
automobile and helicopter components is selected for this study. A full factorial design of experiment is carried out 
with five levels. Three different machining conditions: machining 2 mm thickness, machining 3 mm thickness and 
machining 4 mm thickness are considered. The objectives of the study are: (a) to determine the optimum cutting 
parameters to minimize the process variations found on the perimeter of the work piece;' (b) to determine which 
machining condition provides least process variations. To achieve this, 25 different combinations of experiments are 
conducted under each machining condition. Thus, a total of 75 experiments are carried out. Non-contact laser 
detection system is used to collect the real-time machining data. Two-way ANOVA is used to analyze the data. The 
results found that (a) both spindle speed and feed rate are significant over the process variations on the perimeter of 
a component; (b) feed rate is more significant on the outcome when compared to spindle speed; (c) process 
variations found on the perimeter of the component size 2 mm thickness are more when compared to a component 
size 4 mm thickness; and (d) mathematical models are derived for determination of optimum cutting parameters to 
achieve tighter process variations. 
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1. Introduction 
Often "high quality" is referred as fewer defects, fewer failures, fewer errors, lesser process variations and so on. 
When parts are machined or manufactured to low quality means possible defect, failure or poor response time. Six 
Sigma is a systematic approach or methodology which aids to reduce these deficiencies so as to achieve a greater 
level of quality. By producing such "high quality" parts or products would lead to a longer product life usage, more 
product or service salable, lower total cost of a product, faster cycle time, lower warranty cost, and lesser scraps and 
reworks. When such framework is implemented correctly in a manufacturing processes of producing parts or 
components, a company could get a competitive advantage over its competition. However, Dhole et.al [1] argue that 
the current technology cannot produce perfect smooth surface finish whatever may be the manufacturing processes.  
Now, researchers are concentrating on minimizing the process variations found within a "high quality" parts or 
products. In other words, defining tight tolerances in manufacturing processes of a part or component. Fig. 1 (a) and 
(b)  illustrates such process variations exists in an component being machined in milling; and that process variations 
representing in linear form respectively. Here, the objective is to minimize or eliminate this dimensional process 
variations (a1, a2, etc.), which is a huge challenge in the industry.  
 
This paper demonstrates a model to minimize this dimensional process variations in milling using Six Sigma 
approach. For this, the mathematical model to achieve this precision machining and the selection of optimum cutting 
parameters are vital. The mathematical model is derived using the least square method and the selection of optimum 
cutting parameters in milling are derived using full factorial design of experiments. 
2. Mathematical model 
The process variations described in Fig. 2(b) is generalized from a straight line (i.e., first degree polynomial) to a 
kth degree of polynomial and it could be represented as,  
ݕ ൌ ܽ଴ ൅ ܽଵݔ ൅ڮ൅ ܽ௞ݔ௞      (1) 
and its residual is given by, 
ܴଶ ൌ ෍ൣݕ௜ െ ݊൫ܽ଴ ൅ܽଵݔ௜ ൅ ǥ൅ܽ௞ݔ௜௞൯൧ଶ
௡
௜ୀଵ
 (2) 
Here, the objective is to minimize the ܴଶ  =0 using least square method. This ܴଶ  is solved using partial 
derivatives:  
 
 
Fig. 1 (a) Process variations in a "high quality" part; (b) Process variations represented in linear form. 
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(4) 
߲ሺܴଶሻ
߲ܽ௞ ൌ െʹ෍ሾݕ െሺܽ଴ ൅ܽଵݔ ൅ ڮ൅ܽ௞ݔ
௞ሻሿ
௡
௜ୀଵ
ݔ௞ ൌ Ͳ (5) 
 
The above equations are solved to find out the a0, a1, ..., ak and it is represented in matrix form: 
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The equation (6) could be fit as given below: 
ݕ ൌ ܺܽ      (7) 
The solution vector is solved numerically, or can be inverted directly as: 
ܽ ൌ ሺ்ܺܺሻିଵ்ܺݕ      (8) 
By solving the solution vector, the process variations on the perimeter of a component to the targeted mean in 
milling  could be controlled. 
3. Methodology 
Design of Experiment (DOE) is a formal mathematical method for systematic planning and conducting scientific 
studies that change experimental variables together in order to determine their effects of a given response [2]. There 
are several types of design of experiments: full factorial, fractional factorial and screening designs. The full factorial 
design provides more detailed results (able to identify the relationships among factors, able to estimate all main 
effects and interactions), but require greater resources. This type of design is best suited when the number of factors 
(X's) are between 2 and 5. The fractional factorial design is applied when number of factors are between 4 and 10, 
but requires less experimentation. In this approach, it is difficult to identify some of the interactions interpolations, 
but able to reduce the resource requirements. The screening design is the simplest form of fractional design. This 
approach is applicable when there are more  number of factors to investigate, but at a very low cost. The screening 
design may be best suited when the number of factors (X's) are greater than 6. 
In this study, the full factorial design of experiment is considered. Juran Institute [3] defined twelve steps DOE 
method, which is listed as:  
Prepare: 
1. Define the problem 
2. State the hypotheses 
3. State the factors and levels of interest 
4. Create appropriate experiments  
Perform: 
5. Run the experiments and collect the data 
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Analyze: 
6. Construct the ANOVA table and use the appropriate graphical tool to evaluate the data 
7. Rerun a reduced model 
8. Investigate the residuals pots to ensure model fit 
9. Using the ANOVA and graphical tool, investigate significant main effects and interactions 
10. Calculate the variation for the main effects and interactions (define the mathematical model) 
Conclude: 
11. Translate the statistical conclusions (formulate conclusions and recommendations) 
12. Replicate optimum conditions (plan for next experiment) 
4. Experimental Data 
The case study experiment is explained in this section using Juran's twelve steps DOE method. 
4.1. Define the problem 
The problem statement is the dimensional process variations (a1, a2, etc.) exists in the machining surface of a 
component (see Fig. 1), which needs to be controlled. For this, design of experiments is conducted to determine 
factors (X's) affecting the dimensional process variations - outcome (Y), which is expressed as: 
ൌሺሻ  ሺͻሻ
Where, Y is the dependent variable or critical to quality or response variable or output (CTQs) and X's are 
independent variable or critical to process or factor or input (CTPs). The independent variables (factors) are selected 
as  a discrete variable, whereas the continuous variables are tried as levels. 
4.2. State the hypothesis 
The independent variables (X's) such as spindle speed, feed rate and depth of cut are considered to determine how 
much dimensional (thickness) variations exists on the machining (Y), which helps to state the hypothesis. In this 
study, spindle speed (A) and feed rate (B) are considered. Hence the hypothesis is to determine whether the main 
factors (spindle speed and feed rate) and its interactions effect the process variation accurately and precisely of the 
component thickness and it is expressed as:    
௜ܻ௝ ൌ ߤ ൅ߚ௜ ൅ ௝߬ ൅ ൅ߚ௜ ௝߬ ൅ߝ௜௝  ሺͳͲሻ
Where,  
 Y = observed output - process variation accurately and precisely in milling 
 Ɋ = average response 
 Ⱦ =  spindle speed factor 
 ɒ = feed rate factor 
 ɂ = random error 
The hypothesis test for spindle speed (A) is defined as:  ଴ ׷  Ⱦ୧ ൌ Ͳ   and  ୟ ׷  Ⱦ୧ ് Ͳ. 
The null hypothesis is defined as "There is no significant effect between spindle speed (A) with respect to 
machining the component thickness with 'smaller' process variation (Y)". The alternative hypothesis is defined as 
"There is significant effect between spindle speed (A) with respect to machining the component thickness with 
'smaller' process variation (Y)". Similarly, the hypothesis for feed rate is also defined as ܪ଴ ׷  ௝߬ ൌ Ͳ and ܪ௔ ׷
 ௝߬ ് Ͳ and the hypothesis for combination factors (AB) is defined as: ܪ଴ ׷  ߚ௜߬௝ ൌ Ͳ ܪ௔ ׷  ߚ௜߬௜௝ ് Ͳ. 
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4.3. State the factors and levels of interest 
The machining is carried out with different cutting conditions in Willis RMS 40 CNC vertical milling machine. 
Niagara 6 mm diameter Solid Carbide High Performance End Mill cutter is used to machine the component at 
different cutting speeds and feed rates. Table 1 shows the cutter specification, used in the experiments. 
 
 
Table 1  Cutter specification. 
Cutter model: A245 
Coated: TiCN 
Diameter of the cutter: ¼” 
Rack angle: 45 degrees 
Length of the flute: 3/8” 
Total length of the cutter: 2-1/2” 
Number of flute: 2 
 
Milling is a cutting process that uses a milling cutter to remove material from the surface of a work piece. The 
surface roughness characteristics depends on type of the work piece material and type of cutting tool used.  The case 
study experiment focuses on maintaining consistently a component thickness from start to the end of machining 
cycle, where the machining process variations (a1, a2, etc of Fig 2) were kept to almost zero. For this, selection of 
cutting  parameters are key. The work piece material used in this study is Aluminum alloy 6061, which is widely 
used in automobile and aerospace applications. The composition of this material is illustrated in Table 2 and its 
HRC is rated under 32. For this study, three sets of work pieces are selected: (a) 100 mm length with 2mm 
thickness; (b) 100 mm length with 3mm thickness; and (c) 100 mm length with 4 mm thickness.  
Table 2  Chemical composition of Aluminum alloy 6061. 
Al Mg Si Fe Cu Zn Ti Mn Cr Other 
Bal. 
0.8-
1.2 
0.4-
0.8 
Max 
0.7 
0.15-
0.4 
Max 
0.25 
Max 
0.15 
Max 
0.15 
0.04-
0.35 
0.05 
 
Dhokia et. al [4] conducted a study on machining slots in end milling. In their study, spindle speed ranging from 
3000 RPM to 8000 RPM with four levels are defined. In the current study, five levels of spindle speeds are selected 
(refer Table 3). For Aluminum alloy 6061, the recommended chip load for ¼ inch end mill cutter is defined as 0.002 
inch/tooth [5]. Based on the spindle speed selected, feed rates are calculated from equations (11) and (12). 
	ሺȀሻൌ ሺͳͳሻ
	ሺȀሻൌሺǤͳͳሻͲǤͶʹ͵͵͵͵͵ ሺͳʹሻ
Table 3   Machining parameters for DOE. 
Factor Unit 
Level  
1 2 3 4 5 
Spindle speed, N (A) RPM 2000 3000 4000 5000 6000 
Feed rate, f (B) mm/sec 3.4 5.1 6.8 8.5 10.2 
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4.4. Create an appropriate experimental datasheet 
A full factorial experiment is considered and the number of runs is calculated as (level) factor trails.  
ൌሺሻൌሺʹሻͷൌʹͷ ሺͳ͵ሻ
For each set of work piece, 25 different combination of experiments are created in orthogonal array format. For 
three different work pieces, a total of 75 experiments are conducted. 
4.5. Run the experiment and collect the data 
The machining is carried out under different cutting conditions (as defined in Table 3) to machine the component 
thickness of 2 mm using a Willis RMS 40 CNC vertical milling machine. Here, the objective is to maintain the 2mm 
thickness throughout the machining cycle. To collect the component thickness measurement in real-time, two non-
contact Keyence LK-H027 laser sensors are used. These two sensors are mounted facing to each other on a special 
fixture (see Fig. 2) so that the laser beams are aligned properly to collect the data accurately. The CNC machine 
table where the work piece is fixed moves at constant feed rate as defined in the Table 3 for each experiment. The 
data acquisition layer is configured to collect 100 data points per second at the point the laser guns are shooting. The 
data collected was transferred via USB port to a dedicated laptop using Keyence G5001 controller. An external 
program is developed using Microsoft Visual Studio C#, which resides in the laptop to store the real-time data into 
Microsoft SQL Server for further data analysis.  
Fig. 2. LDS system mounted on CNC VMM and data collection in real-time. 
Table 4 shows the input parameters and experimental results for the component thickness 2 mm value. Similarly, 
the data is collected for the component thickness 3mm and 4 mm values. 
Table 4. Experimental results with component thickness 2mm value. 
Cutting speed (A) 
Feed Rate (B) 
8 12 16 20 24 
2000 2.0155 2.0225 2.0263 2.0314 2.0276 
3000 2.0136 2.0403 2.0361 2.0460 2.0403 
4000 2.0117 2.0136 2.0136 2.0444 2.0352 
5000 2.0288 2.0288 2.0422 2.0206 2.0314 
6000 2.0206 2.0187 2.0244 2.0187 2.0180 
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4.6. Construct the ANOVA table and use the appropriate graphical tool to evaluate the data 
Two-way ANOVA is performed based on Table 4 and its results are shown in Table 5. The F-table value for 
main factor A (cutting speed) F0.05,factorDOF,error DOF (F0.05,4,16) is 3.01 and the calculated value of cutting speed is 3.41.  
The calculated value is greater than F-table value, which means, reject the null hypothesis. Since, P-value for cutting 
speed (0.036) is less than 0.05, again the  null hypothesis is rejected. Hence, concluding that there is significant 
difference between cutting speed (A) with the result to machining the component thickness with 'smaller' process 
variations. The same is true for feed rate (B). Based on Friedman test, the feed rate is the most important factor, 
followed by cutting speed. 
Similarly, two-way ANOVA is performed for machining component thickness 3mm and 4 mm values. It is 
interesting to note that the results are same for the other two conditions. 
Table 5  Two-way ANOVA table for machining component thickness 2 mm. 
 
Source         DF         SS         MS     F      P 
Cutting speed   4  0.0011280  0.0002820  3.41  0.036 
Feed rate          4  0.0011489  0.0002872  3.47  0.033 
Error              16  0.0013235  0.0000827 
Total              24  0.0036004 
 
To better understand the trend of the data, I-MR charts are created. Fig. 3 shows the I-MR charts for machining 
component thicknesses of 2 mm, 3 mm and 4 mm values.  
 
(a) 
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(b) 
 
 
(c) 
Fig. 3 (a). I-MR chart for the component (a) thickness 2 mm; (b) thickness 3 mm; (c) thickness 4 mm. 
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From the above figures, the trends resulting from lurking variables may be interfered. It is interesting to note that 
the process variations are more for machining of the component thickness 2mm (see R-chart) when compared to 
other two conditions.  
4.7. Rerun a reduced model by eliminating effects with non-significant P-values 
For all three work piece conditions, SS value for the interaction factor (AB) is very low. Therefore, AB factor is 
eliminated in all future analysis. In other words, there is no significant difference between interaction factor (AB) 
with the result to machining the component thickness with 'smaller' process variations. 
4.8. Investigate the residual plots to ensure model fit 
Fig. 4 shows the residual plots for all three work piece conditions. From these figures, it is evident that the data 
collected fits the model. It is also interesting to note that the variations are more at the later stages of machining for 
all cases, which needs to be controlled. 
 
(a) 
(b) 
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(c) 
 
Fig. 4. Residual plots for the component (a) thickness 2 mm; (b) thickness 3 mm; (c) thickness 4 mm. 
4.9. Using the ANOVA table and appropriate graphical tool, investigate significant main effects 
Based on Duncan Multiple Range Test (DMRT), Main effects and Interaction plots (refer Fig. 5 and Fig. 6), 
optimum cutting parameters to obtain the "smaller" machining process variations for the spindle speed and the feed 
rate are determined.  
(a) 
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(b) 
(c) 
Fig. 5. Main effect plot for the component (a) thickness 2 mm; (b) thickness 3 mm; (c) thickness 4 mm. 
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(a) 
(b) 
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(c) 
Fig. 6. Interaction plot for the component (a) thickness 2 mm; (b) thickness 3 mm; (c) thickness 4 mm. 
4.10. Calculate the variation for the main effects and interactions left in the model. State the mathematical model 
From the experimental data, mathematical model to obtain the "smaller" machining process variation for 
machining 2 mm component thickness is derived using Minitab as:   
ൌʹǤͲʹǦͲǤͲͲͳͶͳ൅ͲǤͲͲ͵ʹ͵ ሺͳͶሻ
Similarly, the mathematical models to obtain the "smaller" machining process variation for machining 3 mm and 
4 mm component thickness are derived as: 
ൌ͵ǤͲͶǦͲǤͲͲ͵ͷͷ൅ͲǤͲͲʹͺͻ ሺͳͷሻ
ൌͶǤͲͳǦͲǤͲͲͶʹ͵൅ͲǤͲͲͲͻͲ ሺͳ͸ሻ
4.11. Translate the statistical conclusion into process terms. Formulate conclusions and recommendations 
Based on Duncan Multiple Range Test (DMRT) and Main effect diagram (refer Fig. 5), optimal performance to 
obtain the 'smaller' machining process variations for spindle speed is at level 5 (6000 RPM), and for feed at level 1 
(3.4 mm/sec). From the interaction diagram (refer Fig 6.), optimal performance to obtain the 'smaller' machining 
process variation  for cutting speed at level 3 (4000 RPM), and for  feed rates at either level 1 (3.4 mm/sec), level 2 
(5.1 mm/sec) or level 3 (6.8 mm/sec). However, for steady condition, optimal performance to obtain the "smaller" 
machining process variation for cutting speed at level 5 (6000 RPM) for all feed rates. 
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4.12. Replicate optimum conditions 
The replication experiments are carried out to verify whether the selected optimum cutting parameters provide 
the 'smaller' machining process variations for all three work piece conditions and all are true. 
5. Conclusions 
Machining the components closer to the targeted mean is a challenging task. In other words, minimize the 
machining process variations along the perimeter of the component surface is a challenge. To demonstrate this, 
rectangular component size (100 mm x 45 mm) is selected. Three different machining conditions: (a) machine 2 mm 
thickness; (b) machine 3 mm thickness; and (c) machine 4 mm thickness are considered. Aerospace aluminum alloy 
6061 material is selected as work piece sample. Two factors (spindle speed and feed rate) with five levels are 
considered for full factorial design of experiments. Laser detection system is used to measure the component 
thickness in real-time. Two-way ANOVA is executed to determine the significant factor affecting the process 
variations and to determine the optimum cutting parameters. From the results, the following conclusions are drawn: 
x Both cutting speed and feed rate has significant effect on machining the components in milling. 
x Feed rate has greater influence to achieve "smaller" machining process variations, when compared to cutting 
speed.  
x Faster the cutting speed, the "smaller" the process variations in machining. 
x Process variations seems high when the thickness of the component being machined is smaller.  
x Mathematical models to achieve the "smaller" process variations in milling for various component thicknesses 
are derived. 
 
6. Future research 
Machining the components closer to the targeted mean on consistent basis in a lengthier component is a 
challenging task. To achieve this, an external fixture mechanism with adaptive control system using artificial neural 
network is considered, which is under investigation. An attempt is under process to mount this system on any 
existing CNC machines. 
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